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Abstract 
Statistical analyses on crash counts/rates are important steps for transportation safety planning and evaluations of certain 
transportation facilities. Even there are various types of regression models in connecting between the response variable and 
characteristics of transportation facilities in relevance with considerations of different aspects of the frequency distribution of 
crashes, due to the complicated data generating process, past models still lack sufficient precision for accounting for several 
issues of crash counts especially the widely mentioned problem of excessive zero counts of accidents. Towards to this end, this 
study seeks to provide an alternative approach for predicating and inferring the response variable through a set of explanatory 
variables. As the crash rates fundamentally follow a mixed distribution such that non-zero probability will be associated with 
zero point in the domain, the zero-adjusted inverse Gaussian regression is introduced to overcome these issues as well as provide 
new thoughts in this field. Based on an observed dataset of accidents aggregated for the level of traffic analysis zone (TAZ), the 
regression model is developed and estimated using the principle of maximum likelihood estimation. The results discover that 
several attributes related to the zonal social economic, average traffic condition as well as roadway geometric design 
characteristics are statistically significant. Under such empirical analysis, the zero-adjusted inverse Gaussian distribution is 
appropriate to reflect the distributional characteristics of crash rates and provide a new direction of approaches in the field of 
crash data analyses. 
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1. Introduction  
During the process of safety planning as well as the risk evaluation of transportation facilities, it is necessary to 
understand the relationships between the chance of traffic accident occurrence and characteristics related to the 
facilities. Toward to this end, statistical regression models are usually adopted to connect variables to the crash 
counts or crash rates associated to certain transportation facilities, including road segments, intersections (Vogt and 
Bared, 1998) and even recently emphasize traffic analysis zones (TAZs). And these important explanatory variables 
could be in the aspects of traffic flow conditions, climates, social economic and demographic characteristics, 
pavement conditions and roadway geometric designs. Past studies have thoroughly modeling such connections 
between crash counts/rates and explanatory variables using count models in which the distribution of accident 
frequency are treated in terms of counting process and correspondingly Poisson distribution is considered in earlier 
literatures (Nicholson and Wong, 1993).  
Empirical analyses also indicate two important aspects of traffic accident counts, namely the usually observed 
excessive zero counts (Lord et al., 2005) and the over-dispersed distributional properties (Miaou, 1994). In 
accommodating to capture the over-dispersed crash counts, negative binominal distribution allows an additional 
dispersion parameter to provide more flexibility to extract information of counting dispersion and therefore negative 
binominal regression models (Miaou, 1994) are widely used to modeling the crash counts. With the consideration of 
previous mentioned issue of excessive zero counts, the zero inflated models (Lord et al., 2005) can be adopted to 
measure the chance of non-crash observations by allowing two sources of probability of zero into the distribution. 
Therefore, zero-inflated negative binomial models are major techniques in the field of crash data analysis. 
Furthermore, advanced statistical models are continuously developed to enhance the understanding of the 
distributional characteristics of crash counts. For example, multivariate response models (Ma and Kockelman, 2006; 
Anastasopoulos et al., 2012; Chiou and Fu, 2013) are raised to account for the correlative relationships among 
different severity-types of accidents and nonparametric analyses (Xie and Zhang, 2008) are also performed in order 
to provide flexible forms for explanatory variables with continuously domain of distributions. 
Other than the considerations of zero inflated negative binomial distributions, many other distributions (Lord and 
Mannering, 2010 for detailed information) are recently proposed to improve the modeling precision as well as the 
reliability of inference. Several recent studies (Lord and Geedipally, 2011; Geedipally et al., 2012) also indicated 
that the traditional zero-inflated types of regression models still have drawbacks in accounting for the nature of 
excessive zero counts of accidents due to the essentially complicated data generating process and issues related to 
the collection of the data. Therefore, it is necessary to test alternative advanced approaches for measuring crash 
count distributions with more accurate specifications as well as comprehensive interpretations. 
This study as a result proposed a zero-adjusted inverse Gaussian distribution to modeling crash counts. First of all, 
zero-adjusted inverse Gaussian is continuously distributed from zero to infinity with non-zero probability on the 
domain of zero. Secondly, the zero-adjusted inverse Gaussian is capable and appropriate to reflect especially crash 
rate as it is continuously distributed. Further, the proposed distribution have two parameters, namely the mean 
parameter and shape parameter and therefore it is flexible and possibly to provide a structure for mining more 
information from the data. In sum, the study proposed an alternate choice of the distributional structure for modeling 
crash counts/rates through regression models with zero-adjusted inverse Gaussian formulations. The following 
analysis will also use an observed crashed dataset to perform empirical analyses in additional to current 
understanding of the relationship between crash occurrence and attributes related to transportation facilities. 
 
2. About the Data 
This research adopts data which was collected in Pikes Peak Area, Colorado, and three sources of information 
(the TAZ dataset, the traffic and roadway dataset, and the accident datasets) are integrated to construct the finally 
used cross-sectional data format. The TAZ dataset provides information on the geographic boundaries for each 
traffic analysis zone as well as zonal attributes including population, number of household and number of workers.  
In the following modeling analysis, traffic and roadway related attributes including number of lanes, roadway 
length, and traffic characteristics are extracted from traffic and roadway datasets. Finally all these attributes are 
454   Lu Ma and Xuedong Yan /  Procedia - Social and Behavioral Sciences  138 ( 2014 )  452 – 459 
aggregated into zonal levels and mapped with accidents occurred within each zones based on GIS platform. After 
the data processing, there are 733 data entries and each of them will reflects the information of the corresponding 
traffic analysis zone. 
Table 1 presents the basic descriptive statistics of response variables and explanatory variables. In this analysis, 
the response variable is the number of crashed per 1000 vehicle mile travelled (VMT). Therefore, it is a type of 
crash rates. For zero count zones, the observed crash rates will be zero and due to the nature of excessive zero 
accident counts, there are expected to be many zones which have zero crash rate. Illustrated in Table 1, 55 zones had 
not experienced any reported crashes which account for approximately 7.5% samples of all zones. In this study, the 
rest 678 TAZs experienced at least one accident during the data collection period. In addition, Table 1 also 
summarizes definitions and descriptive statistics of all explanatory variables which are statistical significant and 
therefore selected according to the following regression model. To be noted, these variables including the 
geographic characteristics of TAZs, social economic characteristics and the roadway and traffic characteristics 
within each zones. Table 1 provides the sample mean, stand deviation, minimum and maximum values of these 
variables, and the samples have a wide range for values of these variables, which indicates a sufficient variation for 
regression models. 
 
Table 1. Descriptive statistics of variables. 
 Mean Std. Dev. Min. Max. 
Response variable     
Zero crash rate (55 samples) 0 0 0 0 
Positive crash rate (678 samples) 1.72363 3.514941 0.00266 78.43137 
Explanatory variables     
Zonal area 3.66394 10.64614 0.00816 123.04388 
Number of low-income households 51.89 69.13553 0.00 461.00 
Total roadway length within a TAZ 6.4511 7.186539 0.2983 53.5053 
Average number of lanes in a TAZ 2.865 0.8759296 2.000 6.000 
Average total roadway free flow speed within a TAZ 42.41 9.649517 20.00 76.00 
It is necessary to gain in-depth understanding of the distribution of the non-zero crash rates. Fig. 1 shows a part 
of the kernel density estimation for non-zero crash rates. The kernel density estimation is a nonparametric technique 
for estimating a continuous probability density function, which is similar to histogram plot, but clearer for 
continuous distributions. 
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Fig. 1. the kernel density estimation for the samples with positive crash counts 
3. Methodology 
As aforementioned, this study will perform the regression analysis based on the zero-adjusted inverse Gaussian 
distribution, because the original inverse Gaussian distribution can only measure the probability space on ሺͲǡλሻ and 
therefore lacks the flexibility to consider the non-zero probability on the point of zero. The zero-adjusted 
distribution in fact introduces a parameter to measure the probability for zero counts which indeed account for a 
certain amount probability from all possible values. Therefore, it is necessary to formulate a mixed distribution in 
which a probability mass is assigned to zero point in the domain of the random variable and a continuous 
distribution will cover the rest proportion of probability. Such zero-adjusted inverse Gaussian distribution can be 
parameterized according to the form in Equation (1). 
fሺy|μ,σ,νሻ=
ە
۔
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 (1) 
Here, the distribution is varying according to the three parameters ߤǡ ߪ  and ߥ in the model. μ>0 is the mean 
parameter of the original inverse Gaussian distribution and hence also the conditional mean for all positive 
observations. 0<ν<1 is the parameter indicating the probability of zero crash rates. ߪ is nuisance parameter in this 
model. With such specification of parameters, the overall expected value and variance of zero-adjusted inverse 
Gaussian distribution are provide in Equation (2). 
EሺYሻ=ሺ1-νሻμ 
VarሺYሻ=ሺ1-νሻμ2ሺν+μσ2ሻ 
(2) 
In terms of regression specification, each observation will have its own parameter μi and νi, in which ݅ is the 
index of samples. The log-likelihood function of the model is presented in Equation (3), where  is the set that 
contains all indexes for samples of zero crash and Aഥ is the complement set of A and hence contains all indexes for 
sample of positive number of crashes. In this study, ߪ is the shape parameter that shared by all samples.  
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(3) 
To be noted, Equation (3) also clearly illustrates a partition of the log-likelihood function by two parts. And the 
purpose of such partition is to find a way to separate parameters and therefore form a simpler procedure to perform 
the estimation of regression. The first part of the log-likelihood function actually constructs a legitimate logistic 
regression model based on all samples with respect to the regression on the parameterߥ. It is exactly the model used 
to decide the probability of being zero crash counts for the traffic analysis zone. Consequently, conditional on the 
occurrence of at least one accident, the second part of the log-likelihood function will only depend on all samples 
which have positive crash rates and the regression on parameter ߤ will be related to the estimation of the probability 
for different level of crash rate conditional on the occurrence of accidents.       
xiTβ= log൫μi൯ 
࢞௜் ࢽ ൌ ሺνiሻ ൌ  ൬
νi
ͳ െ νi൰ 
(4) 
Under such specification, parameters ߤ and ߥ are further parameterized according to the regression formulation 
with particular link function.  Considering the domain of these two parameters, Equation (4) provides the two link 
functions for these parameters. Specifically,  ߤ א ሺͲǡλሻ indicates a usually log link are appropriates while ߥ א ሺͲǡͳሻ 
indicates the logit link might a proper choice for connecting these explanatory variables to the parameter.   
EሺYiሻ=
expሺxiTβሻ
1+expሺxiTγሻ
 (5) 
Equation (5) illustrates the expected value of the response variable in terms of all regression coefficients of 
explanatory variables. As aforementioned, each variable is going to have two associated coefficients for the two 
regression parameters. Specifically, ࢼ is the coefficient vector associated to the parameter μ and ࢽ is the coefficient 
vector associated to the parameter ν. Therefore, the impact of each explanatory variable on the expected crash rate is 
reflected by the two coefficients together.    
4. Analyses and Discussion 
With the regression model provide in the previous section, the data are applied and the corresponding estimation 
results are provides in Table 2. The inference of each variable is based on two coefficients. Specifically, the positive 
sign of the coefficient on μ means that the associated variable is an unsafe factor such that large value of the variable 
will lead to high rate of accidents whereas the positive sign of the coefficient on ν means that the associated variable 
is a safe factor such that large value of the variable will lead to low rate of having accidents. Several explanatory 
variables are found to have evident impact on the response variable and the detailed inference discussion is 
elaborated in the follows. 
The area of traffic analysis zones are discovered to be significant in affecting the parameter μ and not statistically 
significant in regression on parameter ν. Therefore, zones with large area are more likely to have high level of crash 
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rates conditional on the occurrence of accidents. However, it is not an evidence to reflect the chance of have zero 
accident rates. In general it is an unsafe factor with inference on the crash rate. Because large zone usually indicates 
low population density, and less congested traffic conditions, the actual running speed in roadway within these 
zones could be higher and therefore lead to high risks of having accidents to happen.  
  
Table 2. Estimation results of the zero-adjusted inverse Gaussian model. 
 
Coefficients on μ Coefficients on ν 
Estimate t value Estimate t value 
Description of variables     
Intercept 2.175451 5.623 -2.79506 -4.293 
Zonal area 0.042323 2.962 — — 
Number of low-income households 0.004457 2.612 -0.04559 -4.465 
Total roadway length within a TAZ -0.020448 -2.088 — — 
Average number of lanes in a TAZ 0.185891 2.175 — — 
Average total roadway free flow speed within a TAZ -0.063498 -11.056 0.02774 2.050 
Modeling Performance     
Global Deviance 2718.441 
AIC 2738.441 
BIC      2784.412 
—: It indicates that the estimated coefficient is statistically insignificant. 
 
In the aspect of social economic characteristics, the number of low-income household presents an evident impact 
on the level of crash rate. To be noted, in this study, a household is defined as low-income if its annual income 
below the valued corresponding to 20% quintile of income of the entire sample. Different to zonal area, the number 
of low-income households affects the expected level of crash rate through not only the parameter μ but also the 
parameter ν. First, if the number of low-income households is large, it is more likely to have zero crash rates for 
zones. It is probably that in these regions, accidents are under reports if the resulting damage or injury is less serious. 
Once there are accidents, the chance of being involved in accidents in these zones is higher than other zones. The 
overall influence of this variable is complicated and the inference also depends on the level of other variables. 
The total roadway length within a zone has a negative sign on its coefficient on parameterμ and its impact cannot 
be discovered through the parameter ν. Therefore, traffic analysis zones with longer total roadway length are less 
likely to have accidents to occur. As in this study, the vehicle mile traveled is reflected by the response variable, for 
the controlled VMT, longer road length may indicates smaller sectional traffic flow and therefore lead to less 
confliction in roadways. Under this circumstance, zones with longer roadway length will have less chance of crashes. 
Based on the model, the average number of lanes only affects the response variable through the parameter μ. For 
zones with roadways of more lanes, the results indicate that accidents are more like to be involved. Additional lanes 
may provide more chances of lane change actions during driving and hence lead to high probability of occurrence of 
accidents. 
Average total roadway free flow speed within a TAZ reflects the average level of possible maximum speed of 
vehicles. It affects the crash rates in two directions. Higher free flow speed indicates a larger probability of being 
non-zero crash rates, which is as expected. However, once conditional on the occurrence of accidents, higher free 
flow speed may be a safe factor and hence lead to less likelihood of accidents. In fact, if the free flow speed reaches 
a certain level, it means these roadways could be freeways which have higher limit of speed. Freeways in some 
extent are less likely to involve accidents, since there no intersection and traffic signal controls and may lead to less 
chance of occurrence of crashes. 
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5. Conclusions 
In the process of transportation safety planning and evaluation, it is important to connect the risk level of 
accidents to the related characteristics of the transportation facilities. Past studies have developed various regression 
models towards this end. For example, with the considerations of the distributional characteristics of response 
variable, Poisson, Negative binominal, Zero inflated models are gradually proposed to account for the statistical 
aspects of crash counts/rates. On the other hand, many studies enhances the techniques of modeling such 
connections through multivariate structures as well as nonparametric formulations. However, these studies still lack 
precision on modeling the complicated distributional characteristics of responses especially for considering the 
situations of excessive zero counts. 
This study therefore seeks to contribute alternative approaches to provide a flexible structure in order to mining 
addition information from the data. The zero-adjusted inverse Gaussian regression model is proposed to deal with 
this problem. And the model provides a parameter to consider the variation of the excessive zero crash rates. The 
model was applied based on an observed dataset of crashes. Several explanatory variables are extracted with 
sufficient level of significance and their impacts on connecting to crash rates are examined by two parameters with 
different sets of coefficients. In sum, the proposed method is able to measure several important distributional 
characteristics of the response variables as well as provide rational inferences for crash analyses. 
There are still avenues for further studies in this area. First it is interestingly to perform comprehensive 
comparisons between this model with other assumptions, for example the gamma distribution and the lognormal 
distribution. On the other hand, it is also necessary to test and validate this model based on datasets collected from 
other regions. 
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